This paper presents a nationwide application of k-Nearest Neighbors (k-NN) 2 to estimate growing stock volume per hectare for the Irish national Forest Estate using 3 optical satellite imagery and field inventory data from the second NFI. Two approaches are 4 tested: an unweighted k-NN and an improved version, (ik-NN), that is optimised using a 5 genetic algorithm. The performance of the models are assessed in terms of the Root Mean 6 Square Error and prediction error. From the simulations, it was found that the optimal value 7 of k was 3, and the smallest pixel level RMSE for growing stock was 126 m 3 /ha when 8 Daniel McInerney.
unknown Vol. 99, 2018 substantial quantity of growing stock present in older broadleaf forests and increasingly a more diverse 108 range of species is being planted by Irish forest owners [Forest Service , 2013b] . 109 A small portion of the Forest Estate has been excluded from the analysis due to a lack of satellite 110 imagery or cloud cover; the corresponding areas are 6,234 ha and 9,256 ha respectively, which rep-111 resents 2.1% of the total Forest Estate. While these areas are not processed, it is considered that their 112 overall contribution to the estimates are minimal given that more than 60% of this area is less than 20 113 years of age. Based on questionnaire responses from NFIs representing 65% of global forest area, Barrett et al.
116
[2016] provided specific guidelines and identified best practice for countries initiating, expanding or 117 revising the use of remotely sensed data in their NFIs, including the following recommendations: 118 1. In some instances, it may be required to remove non-applicable field plot data caused by differ-119 ences between the date of field data collection and the acquisition of satellite imagery. Plot level 120 disturbances caused by biotic or abiotic factors between the two dates can cause large error in 121 estimates and map products. Plots with these issues should be either removed or up-dated. forest from a land-use perspective, but they will clearly be identified as non-forest from a landcover 155 or remote sensing context. Furthermore, field inventory plots that had a volume more than 50 m 3 , but 156 a Normalised Difference Vegetation Index (NDVI -an indicator of green vegetation) less than 0.25 157 were considered anomalies and were removed from the reference dataset. This represented a total of 158 22 plots and was likely caused by a clearfell intervention during the intervening period between the 159 field inventory survey and the acquisition of the satellite data. The spatial distribution of the NFI plots 160 is presented in Figure 1 . therefore the images were processed separately. In the case of the IRS data acquired in the western half 180 of the country, three scenes from the same path were acquired on the day and were mosaiced together 181 and treated as one scene. Therefore, only NFI plots located within a scene were used for the ik-NN 182 analysis on that scene. Table 1 outlines the specific properties of each satellite sensor with respect to 183 its spectral bands and spatial resolution.
184
The paper refers to three distinct Areas of Interest, which correspond to the three separate image from the analysis, the cumulative area of the cloud mask affecting forest land was 9256 ha.
191
In addition to the spectral bands, band ratios were calculated as explanatory variables. IRS LISS-III 192 and SPOT-4 both have four spectral bands as outlined in computed by a non-parametric k-NN estimation method [Tomppo, 1991 , Tomppo et al., 2008 . The 296 method utilises the distance metric d, defined in the feature space of the satellite image data and coarse 297 scale forest variables.
298
Following Tomppo et al. [2008, 2014] , let us denote the k nearest feasible field plots by i 1 (p), . . ., i k (p).
299
The weight w i,p of field plot i to pixel p is defined as
The distance weighting power t is a real number, usually t ∈ [0, 2]. Leave-one-out cross-validation 301 tests were carried out using the field plot data and explanatory variables in order to find the values of 302 t and k that minimize the leave-one-out RMSEs. A small quantity, greater to zero, is added to d when 303 d = 0 and i ∈ {i 1 (p), . . ., i k (p)}. The distance metric d employed was
where f l,p is the lth normalised intensity value of the spectral band image variable, normalising 305 done on the basis of digital elevation model, f l,pj = f 0 l,pj / cos r (α), with α the angle between sun D r a f t pixels, w i,p are calculated by computation units, and by map stratum h over the pixels belonging to the 317 unit u. The weight of the plot i in map stratum h to computation unit u is denoted
where u h is the set of the pixels in the map stratum h, a is the pixel size. Ratio estimators with 319 these plot weights, that is with inclusion probabilities, are used for parameter estimation.
320
Predictions of some forest variables are expressed in the form of a digital map during the procedure 321 [Tomppo, 1991 [Tomppo, , 1996 . A pixel-level prediction of variable Y for pixel p on forest land is defined as
D r a f t 16 unknown Vol. 99, 2018 To compensate for systematic model prediction errors, we used model assisted estimators for the 333 final estimates [Sarndal et al. , 1992 , Baffetta et al., 2009 . For the totals, calculated with the inclusion 334 probabilities (eq. 6), 'the correction term', C, is
where ϵ i , i = 1, ..., n, are the prediction errors in the reference dataset set of a size of n, obtained, 336 e.g., using leave-one-out cross validation andÂ is the estimate for the area in question, e.g., for forest 337 area. The estimates of the means are corrected in similar manner, that is, just leaving out the estimate 338Â in (Eq. 5).
339
A model-assisted estimator was used to calculate the confidence intervals of the k-NN and ik-NN 340 estimates. The estimates are corrected using the estimated bias resulting from the systematic predic-341 tion error by comparing the reference data (field inventory plots) and the map data (k-NN and ik-NN 342 estimates). The model assisted general regression estimators provided by [Sarndal et al. , 1992] are as 343 follows: it can produce information that has the potential to inform policy, and act as an aid to sustainable forest 424 management by providing data on the national resource that is timely, spatially complete, verifiable, 425 and can be used for retrospective analysis. From an operational perspective, it is regarded that the NFI 426 provides Estate-level estimates pertaining to the Ireland's forests, but that it is not designed, nor appli-427 cable at regional level. Consequently, the data products generated using ik-NN can be used to assist 428 in the development of national and regional forest policies. From an operational planning perspective, 429 many of the current models rely on either out-of-date forest inventory data and/or are based on assump-430 tions regarding forest growth and developments. As a result, the data products generated using ik-NN 431 provide an independent data source that can be used to validate and complement existing timber supply 432 forecasts. This will enable national forest authorities to ascertain whether the assumptions underlying 433 the forecast have been implemented correctly and whether they are biased.
Results

435
With the advent of sensors such as Landsat-8 and Sentinel-2 there are more opportunities to avail 436 of multi-temporal cloud-free observations of the Forest Estate, which can be combined with NFI data 437 for these types of applications and which will allow for ik-NN analyses to be re-run at shorter time 438 intervals in order to update map products and statistics. 
